ABSTRACT It is significant for diagnosing the early faults of wind turbine planetary gearboxes. However, the weak transient feature generated by the early gear failure is often submerged in other vibration signals and noise, thus this paper discusses a new automatic sparse representation method for detecting weak transients. An improved Morlet wavelet which strictly satisfies the admissibility condition is constructed, and it is highly beneficial to sparsely separating signal component. By the use of the improved Morlet wavelet dictionary and Fourier dictionary, the transient component can be extracted by solving a sparse problem. Aiming at the drawback of the kurtosis and squared envelope spectrum (SES) negentropy in evaluating the similarity between the extracted transient and the original transient, an improved kurtosis index is designed, which can be used to search the optimal sparse parameters. Then, by the use of the improved kurtosis index and iterative thresholding method, an adaptively iterative thresholding shrinkage algorithm is proposed to detect the repetitive transients from the planetary gearbox signal. The comparative results in simulation and experiments show that the proposed method can more effectively and accurately perform the fault diagnosis of wind turbine planetary gearboxes than the infogram method and the resonance-based signal decomposition method.
I. INTRODUCTION
Wind energy has been widely exploited by humans in the past ten years. Since planetary gear transmission has many advantages, such as large transmission ratio, compact size and light weight, it is commonly used in wind turbines. However, the severe operation environment of wind turbines would make the planetary gearboxes easily suffer from damages [1] . For example, the gears of planetary gearboxes usually encounter various faults such as fatigue pitting, crack and broken teeth. These faults may result in catastrophic failure of the entire transmission chain and give rise to economic losses. Therefore, it is greatly necessary to explore the early fault diagnosis method for the wind turbine (especially for the key component-planetary gearbox), so as to reduce operation and maintenance (O&M) costs.
Due to the strong nonlinear characteristic of the planetary gear transmission, its vibration signal usually contains a large number of amplitude modulation and frequency modulation (AM-FM) components. The transient feature generated by gear damages will be submerged in strong AM-FM signals and ambient noise [2] . Thus, it is necessary to research the effective and powerful technique for extracting the weak transient feature. To remove the background noise, Time synchronous averaging (TSA) [3] , [4] and wavelet denoising [5] - [7] are two well-known methods for processing the noisy gearboxes signals. Then according to the vibration spectral properties of the faulty gearboxes [8] , [9] , a large number of diagnostic approaches based on the spectrum analysis of vibration signal have been developed for extracting the fault characteristic information.
For example, Mark et al. [10] proposed a simple method based on frequency-domain analysis to reduce the effects of transducers and transmission path. Bartelmus and Zimroz [11] used a new feature as the sum of ten amplitudes of the meshing components in the spectrum to diagnose the very complex high-power planetary gearbox. Samuel and Pines [12] employed the lifting wavelet transform to detect helicopter planetary transmission damage. Saxena et al. [13] applied complex Morlet wavelets to extract features for distinguishing between the faulted and the healthy carrier of a helicopter planetary gearbox. Sun et al. [14] proposed a symmetric lifting scheme to construct customized multiwavelets, by which the impulses induced by a planetary gearbox damage are detected. Zhang et al. [15] successfully applied analytic wavelet transform to the weak fault signature extraction of a planetary gearbox. Zappalá et al. [16] studied an experimental sideband algorithm for an automatic wind turbine gear tooth fault detection and diagnosis. Feng et al. [17] jointly used ensemble empirical mode decomposition (EEMD) and energy separation algorithm to detect the sun gear fault. Chen et al. [18] proposed a fault diagnosis method based on EEMD and adaptive stochastic resonance to diagnose planetary gears. It can be seen that most of the recent fault diagnosis methods for planetary gearboxes are based on time-frequency analysis. According to the dynamics analysis of gearbox, local gear faults will cause a number of repetitive impulses, which may induce modulation around the natural frequency of the planetary gearbox [19] . The spectral kurtosis (SK) method is an efficient and popular tool for detecting the impulses (transients), which can choose the optimal frequency band by the kurtosis index. For example, Barszcz and Randall [20] successfully applied the spectral kurtosis method to detect the gear tooth crack in a wind turbine planetary gearbox. The SK method is usually performed by the decimated filterbank or short-time Fourier transform, and its effectiveness is often weakened by the sinusoidal signals, modulation signals and noise, such as the gear meshing vibrations, since the repetitive impulsive signal is often distributed in the whole time-frequency domain.
In this study, we will explore a new approach to adaptively extract weak transients from the faulty vibration signals of wind turbine planetary gearboxes. Since the measured faulty planetary gearbox vibration signal is often composed of harmonic components, AM-FM components, repetitive impulses and noise, sparse representation can be well applied to detect these different components by different basis (atoms), and then the repetitive impulses generated by gear faults can be effectively extracted. To implement sparse representation, matching pursuit and basis pursuit are usually used [21] . The matching pursuit has higher calculation efficiency, while the basis pursuit has better sparsity and super-resolution [22] . Recently, other improved algorithms were proposed to solve various sparse problems, such as iterative thresholding [23] , orthogonal matching pursuit [24] , subspace pursuit (SP) [25] . Owing to the merit of sparse representation, a number of sparse representation methods for transient detection were proposed in recent years. For example, a sparse algorithm based on augmented Lagrangian majorization-minimization was proposed for extracting the impulsive feature of faulty gear-boxes [26] . A resonance-based signal decomposition method based on tunable Q-Factor wavelet transform was applied to detect transients [27] . Feng and Liang [28] used the iterative atomic decomposition thresholding method based on over-complete Fourier dictionary to extract the faulty component. Du et al. [29] proposed a sparse feature identification method based on Gabor dictionary and harmonic dictionary to diagnose the wind turbine gearbox, whereas this method used various indicators and the corresponding algorithm was relatively complex. In these studies, the traditional dictionaries (basises) which may not match well with the impulses are used to extract the transient feature, and most of the transient detection methods lack the adaptivity, and do not consider the interference of AM-FM signals or harmonics but only consider the influence of noise. Moreover, the parameters in sparse representation, such as regular parameters, penalty parameters and Lagrangian parameters, play an important role in solving the sparse optimization problem, and it is necessary for studying parameter optimization to improve the accuracy of transient detection. Consequently, to improve the performance of transient feature extraction, it is worth to explore a better sparse representation approach with a proper basis for representing repetitive impulses.
Since Morlet wavelets are similar to impulses, they have been broadly employed to extract the impulsive feature [30] , [31] . Nevertheless, the traditional Morlet wavelet used in the Matlab toolbox does not satisfy the admissibility condition, which causes the reconstruction error. And the commonly-used Gaussian wavelet with even-order and Mexican hat wavelet also do not satisfy the admissibility condition. Furthermore, the Meyer wavelet is defined in a limited frequency band, thus it is not compact supported. Since the signal recovery based on the sparse coefficients is necessarily required in sparse signal component separation, accurate signal reconstruction is very significant for a transform basis. Therefore, an improved Morlet wavelet which strictly satisfies the admissibility condition is designed to sparsely separate the impulses from the original signal. Then, according to morphological component analysis (MCA) [32] , we set up a sparse optimization problem to detect the repetitive transients. Like the standard partial least squares (PLS) for key performance indicator (KPI) monitoring, descriptor reducedorder sliding mode observers design for switched systems and Sliding mode observer-based FTC for Markovian jump systems, kurtosis is usually applied to detect the periodical impulse, however it is not related to the energy of the impulsive signal. To obtain the optimal sparse parameters, an improved kurtosis index is constructed to measure the similarity between the extracted transient signal and the original transient signal. Based on the improved Morlet, improved kurtosis and iterative thresholding algorithm [33] , an adaptively iterative thresholding shrinkage algorithm is proposed to solve the sparse optimization problem, and its convergence VOLUME 6, 2018 performance is validated. Finally, the proposed adaptively iterative thresholding shrinkage algorithm are employed to process the simulated signal, experimental signal and real faulty vibration signal of a wind turbine planetary gearbox, and compared with other commonly-used methods for impulsive feature extraction. The results show its effectiveness and superiority.
The remainder of paper is organized as follows. In Section II, the improved Morlet wavelet is constructed and compared with the traditional one. In Section III, the sparse optimization problem for transient detection is set up, and the improved kurtosis index is proposed, then the adaptively iterative thresholding shrinkage algorithm is described in detail. In Section IV, the superiority of the proposed algorithm is validated by simulation and comparison. In Section V, the performance of the proposed method is validated by an experiment on the faulty two-stage planetary gearbox. In Section VI, the proposed approach is applied to detect the real fault of a wind turbine planetary gearbox. Conclusion of this study is presented in Section VII.
II. IMPROVED MORLET WAVELET
For an arbitrary signal x(t) ∈ L 2 (R), its wavelet transform based on the mother wavelet ψ(t) is given by [34] 
where a is the scale factor and b is the shifting factor; W (a, b) are the wavelet coefficients. The Morlet wavelets have been widely used to diagnose the damage faults of gears, due to that their shapes are very similar to various impulses, The real Morlet wavelet in Matlab toolbox is defined as [35] .
where f b is the bandwidth parameter, f c is the central wavelet frequency. These two parameters are closely relevant to the time-frequency resolution, oscillation attenuation and oscillatory frequency of Morlet wavelet. The two parameters can be optimized to approximate the transients via the optimization algorithm in [31] . Unfortunately, the traditional Morlet wavelet does not strictly meet the admissibility condition, since
The above integral is just approximate to zero, thus the reconstruction error will be produced when using the traditional Morlet wavelets to recover the signal. Let us consider such composite signal that
where h(t) is a periodic impulsive signal that is defined as
where ω n = 4902.7, σ = 0.4117, τ k = 0.2333, and t ∈ [0 2]s. By performing the Morlet wavelet transform on this signal (both f c and f b are set as 1), the wavelet coefficients are obtained. Then the signal is reconstructed by the inverse transform. The original signal and the reconstructed signal are respectively shown in Fig. 1 (a) and (b), and the error between the two signals is shown in Fig. 1(c) . From Fig. 1(c) , we can see that the reconstruction error generated by the traditional Morlet wavelets actually exists. Aiming at the drawback of the traditional Morlet wavelet, an improved Morlet wavelet is designed as
Since ψ(t) is an odd function, it can be easily proven that
It then follows that the improved Morlet wavelet satisfies the admissibility condition. According to [34] , once the admissibility condition holds, the signal can be perfectly reconstructed by the wavelet coefficients. For the same signal given by Eq. (4), its original waveform and the reconstructed signal obtained by the improved Morlet wavelets are respectively shown in Fig. 2 (a) and (b). The error between the original signal and the reconstructed signal is shown in Fig. 2(c) . component separation. The accumulative reconstruction error influences the accuracy of sparse solver as the inverse wavelet transform must be used in the iterative solution. Therefore, we will employ the improved Morlet wavelet to sparsely detect the transients.
III. TRANSIENTS DETECTION BY SPARSE REPRESENTATION BASED ON THE IMPROVED MORLET WAVELET A. PRELIMINARIES
As the improved Morlet wavelet satisfies the admissibility condition, the corresponding improved Morlet wavelet transform is defined as (8) where
For a discrete signal x ∈ R N , the numerical realization of improved Morlet wavelet transform for is denoted by an operator (transform matrix) A * , and the numerical realization of inverse improved Morlet wavelet transform is denoted by an operator A. Then via the two operators, Eqs. (1) and (8) can be respectively rewritten as
where w denotes the obtained wavelet coefficients. We can see from Eqs. (10) and (11) that the improved Morlet wavelets form a Parseval frame, and the two operators A and A * satisfy
where I denotes an unit matrix.
Moreover, the l 1 and l 2 norms of x are respectively defined as
For a faulty planetary gearbox, the measured vibration signal is usually consisted of repetitive impulses caused by the gear fault, noise, harmonics and AM-FM signals generated by the rotatory components, such as shaft and gear meshing. Therefore, the measured faulty vibration signal s can be formulated as
where w is a mixed signal that consists of harmonics and AM-FM components, h is a repetitive impulsive signal, and n is a noisy signal. According to morphological component analysis (MCA) [32] , we use the improved Morlet wavelet basis to sparsely represent the impulsive signal h, and utilize the Fourier basis to sparsely represent the mixed signal w, since the morphology of harmonics and AM-FM signals are almost the same and similar to the Fourier basis. For a discrete signal x of length N , the Fourier dictionary B ∈ C N ×N is given by
where 0 ≤ m ≤ N − 1 and 0 ≤ n ≤ N − 1. By sparse denoising, the noise can be effectively removed. Then, the optimization problem is set up to detect the repetitive impulses:
arg min
where λ 1 and λ 2 are regular parameters, µ is the Lagrangian parameter. It is easy to note from Eq. (17) that the noise can be removed by the last item. By solving Eq. (17), the sparse coefficients x of the transient component can be obtained, and then the repetitive transients are computed by
C. IMPROVED KURTOSIS INDEX
In the sparse optimization problem (17), the regular parameters and Lagrangian parameters are important for the solving result. They can be set by priori knowledge or experience. Obviously, we can develop a new measurement index for the transient signal to obtain the optimal parameters, and it is a better approach. It is well known that the transient can be evaluated by the kurtosis index. However, it should be improved to evaluate the periodic or approximately periodic impulses. Let us again consider the periodic impulsive signal given by Eq. (5). Its time-domain waveform is shown in Fig. 3, FIGURE 3 . The waveform of a periodic impulsive signal. and its kurtosis is 359.44. Recently, the squared envelope spectrum (SES) negentropy [36] was proposed to measure the repetitive transient signal. Thus we also calculate the SES negentropy of this periodic impulsive signal as 2.16. Suppose that three transient signals extracted by signal component separation are respectively shown in Fig. 4(a), (b) and (c). In this figure, the amplitudes of two impulses (the second impulse and the fifth impulse) in Fig. 4(a) are smaller than those in Fig. 4(b) , and there is no the seventh impulse in Fig. 4(b) ; the amplitude of the third impulsive signal in Fig. 4(c) Fig. 4(b) is more similar to the original periodic transient signal than the obtained periodic transient signal in Fig. 4(a) , thus the SES negentropy of the obtained signal in Fig. 4(b) is larger, whereas its kurtosis is smaller. It follows that the SES negentropy can better measure the repetitive impulsive signal. Unfortunately, when only changing the amplitude of the repetitive impulsive signal, both the kurtosis and SES negentropy remain the same. This is mainly because that the two indexes are not related to the energy of transients but related to the number of impulses. Consequently, a more proper index is proposed to evaluate the transient signal obtained by the sparse representation. The novel index can simultaneously consider the transient feature and its energy, which is computed by the following procedure: 1) Estimate the impulsive period T by the conventional envelope spectrum of the initially extracted repetitive transient signal.
2) Uniformly divide the repetitive impulsive signal into M impulsive components h i (t) (i = 1, 2, · · · , M ) according to the impulsive period and the data length.
3) Calculate the kurtosis k i and standard deviation SD i of h i (t).
4) Calculate the evaluation index IK by
Since the proposed index is based on kurtosis, it is named as the improved kurtosis index in this study. 
D. ADAPTIVE SPARSE SOLUTION BASED ON ITERATIVE THRESHOLDING ALGORITHM
By the use of iterative thresholding algorithm [33] , an adaptively iterative thresholding shrinkage algorithm is explored to solve Eq. (17) . Let us first define the objective function by the sparse optimization problem (17)
We can know that the objective function is strictly convex if we assure that µ > 0. This objective function can be splitted into two objective functions by using the splitting principle [37] , and then the objective function can be solved by minimizing the following two objective functions:
where µ 1 , µ 2 denote the Lagrangian parameters, y k are the obtained sparse Fourier coefficients by minimizing (22) after the kth iteration, and x k+1 are the obtained sparse impulsive coefficients by minimizing (21) after the (k + 1)th iteration. According to [33] , the iterative equations for calculating {xk + 1} k and {yk + 1} k are respectively formulated as
where c 1 , c 2 are penalty parameters. According to Eqs. (23) and (24), an iterative thresholding algorithm (ITA) can be applied to solve Eq. (17), and its iterative steps are described in [33] . Then by the use of improved kurtosis index, we explore an adaptively iterative thresholding algorithm to find the optimal detection result. The regular parameters λ 1 and λ 2 are respectively related to the energy of the impulsive component and other components. It then follows that the parameter λ 2 can be simply set as 1-λ 1 . Through a large number of experiments, we find that λ 1 can be chosen in the range of [0.1, 0.9]. The parameters µ 1 and µ 2 determine the penalty parameters and are relevant to the threshold. If we set µ 2 as 1, µ 1 can be chosen in the range of [0.01, 0.5] obtained by the experiments on various signals. Given the two searching ranges, the extracted periodic transient signal with the largest kurtosis can be found by a searching procedure, which can be regarded as the optimal result. By the use of ITA, the explicit steps of the adaptively iterative thresholding shrinkage algorithm (AITSA) are listed in Table 1 , where ITA(λ 1 , λ 2 , µ 1 , µ 2 ) denotes the sparse detection operation of the repetitive transients by ITA with the parameters λ 1 , λ 2 , µ 1 and µ 2 ; λ and µ can be respectively taken as 0.05 and 0.01. Like in [33] , the penalty parameters c 1 and c 2 are respectively taken as 
IV. SIMULATION ANALYSIS
To demonstrate the performance and merit of the adaptively iterative thresholding shrinkage algorithm, simulated analysis and comparison will be performed in this section. Let consider such a simulated planetary gearbox vibration signal that s (t) = 2 sin (2π 600t)+sin (2π 300t)
where h(t) is a repetitive impulsive signal defined as (18) and n(t) is a white Gaussian noise whose standard deviation is 1.05. The sampling frequency is 3200 Hz, and the data length is 6400. By calculation, the signal to noise ratio (SNR) of this signal is 4.5750 dB. The time domain waveform of this signal is shown in Fig. 5 . The proposed AITSA is used to detect the repetitive impulsive signal, and the obtained result is shown in Fig. 6 . We can see from Fig. 6 that the repetitive transient signal is effectively extracted from the noise, harmonic signals and AM-FM signals. In order to demonstrate the convergence performance of the AITSA, the cost function curve under the optimal parameters is shown in Fig. 7 . We can easily note that the proposed method has a satisfactory convergence behavior. Moreover, we investigate the influence of noise. The white Gaussian noise with the standard deviation VOLUME 6, 2018 of 1.55 is used for test the performance of AITSA. In such case, the SNR of the noisy simulated signal is 1.0532 dB. The waveforms of the noisy signal and the detection result in time domain are respectively shown in Fig. 8 (a) and (b). It is easy to note that some impulses are not very distinct owing to the noise and more false impulses occur. With the increase of noise intensity, the detection precision will decrease, and more false transients and noise will occur. To show the superiority of the proposed method, the infogram method and the resonance-based signal decomposition method based on tunable Q-Factor wavelet transform [27] are employed to detect the repetitive impulsive signal from the simulated signal with high SNR. First, the infogram method is used for comparison, and the squared envelope spectrum (SES) infogram of the simulated signal is illustrated in Fig. 9 . By the optimal carrier frequency and level displayed in the SES infogram, the band-pass filter is designed and then the repetitive impulsive signal can be obtained by this filter. The obtained transient signal is illustrated in Fig. 10 . From this figure, we can see that the impulsive feature in the obtained result is extremely unobvious although the noise is removed. Then the well-known sparse representation method--the resonance-based signal decomposition method is used to detect the repetitive impulsive signal. With the linear search algorithm, the two optimal Q factors are respectively set as 1 and 4 in the integer search range, and the obtained component corresponding to the low Q factor can be regarded as the transient signal, which is shown in Fig. 11 . It can be seen from Fig. 11 that the obtained transient signal is still strongly interfered by the noise and only several impulses are clear. Comparing Fig. 6 with Figs. 10 and 11, the proposed method can extract the repetitive impulsive feature more obvious than those extracted than the other two typical methods. Therefore, the proposed AITSA method can be better applied to extract weak repetitive impulsive feature from the strong interference components. 
V. EXPERIMENTAL VALIDATION
To validate the effectiveness of the proposed AITSA in planetary gearbox fault detection, a drivetrain diagnostics simulator (DDS) manufactured by SpectraQuest Inc is used for experiment in this section. The DDS test rig is composed of a two-stage planetary gearbox and a two-stage parallel gearbox. The configuration parameters of the two-stage planetary gearbox are listed in Table 2 . We use an accelerometer laid on the case of the planetary gearbox to sample the vibration acceleration signal. During the experiment, the input rotational speed is set as 2440 rpm, the sampling frequency is set as 12800 Hz. The sun gear at the second stage has a crack fault. According to [9] , the fault characteristic frequency f cs can be calculated as 5.3 Hz (the local fault characteristic frequency usually equals to the distributed fault characteristic frequency as the planet gears cannot be completely same). Fig. 12 illustrates the time domain waveform of sampled vibration signal. We can easily see from this figure that the transient feature caused by crack is ambiguous, thus the proposed AITSA is used to analyze the acquired signal. The detection result is shown in Fig. 13 . Then the Hilbert transform and Fourier transform is performed on the extracted transient signal, and the conventional envelope spectrum is obtained, which is shown in Fig. 14 . It is easy to note from this figure that four clear peak spectral lines occur at f cs , 2f cs , 3f cs and 4f cs , and the spectral line at f cs has the largest amplitude. It then follows that the sun gear at the second stage has a fault.
To demonstrate the superiority of the proposed AITSA, two commonly-used methods for transient detection are used for comparison. Firstly, the infogram method is applied to process the same faulty vibration signal, and the obtained transient signal is shown in Fig. 15(a) . The corresponding conventional envelope spectrum is illustrated in Fig. 15(b) . It can be noted from Fig. 15 that the spectral lines at the fault characteristic frequencies are very unobvious even if a number of impulses are detected, since most of the impulses do not arise from the gear fault. It is hard to rightly recognize the crack of sun gear through the infogram method. Then, the resonance-based signal decomposition method is applied to analyze the same measured signal. The obtained repetitive impulsive signal and its conventional envelope spectrum are shown in Fig. 16(a) and (b) , respectively. We can know from Fig. 16(a) that the obtained transient signal is strongly disturbed by noise. Moreover, the spectral peaks at f cs and 2f cs are not prominent in Fig. 16(b) . Thus, we cannot judge whether the crack occurs in the sun gear. In a nutshell, the two commonly-used methods for transient detection can hardly identify the fault of the sun gear at the second stage, but the proposed method can effectively do it.
VI. APPLICATION INTO THE FAULT DIAGNOSIS OF A WIND TURBINE PLANETARY GEARBOX
Planetary gearbox is a key component in the wind turbine, and it is usually used for increasing the rotational speed to satisfy the requirement of the generator. The planetary gearbox fault may cause a fatal accident, so it is greatly necessary to detect the early failure in the planetary gearbox, so as to assure the safety of the wind turbine. When the early fault occurs, the fault feature is usually submerged in noise and other vibration components. Using the traditional methods is hard to extract the impulsive feature generated by the slight gear damage. In this study, we apply the proposed AITSA method to detect the faulty component.
The tested wind turbine planetary gearbox also has two stages, whose transmission structure and parameters are illustrated in Fig. 17 . We use an accelerometer placed on the case of the planetary gearbox to sample the vibration acceleration signal. In this test, the input rotational speed and the output rotational speed are respectively 102 rpm and 1023 rpm, and the sampling frequency is taken as 12800 Hz. In this wind turbine gearbox, the output sun gear has a pitting fault. According to the structure parameter and operation condition, the fault characteristic frequency f c is calculated by the corresponding equation in [9] , which is equal to 11.1 Hz. The acquired vibration acceleration signal is shown in Fig. 18 . We cannot see obvious periodic impulses in this figure. Thereupon the proposed AITSA is employed to extract the weak transient signal. The obtained repetitive impulsive signal is illustrated in Fig. 19 , and the corresponding envelope spectrum is illustrated in Fig. 20 . From these two figures, we can clearly see that some periodic impulses are successfully detected, and there are distinct spectral peaks at f c , 2f c , 3f c , 4f c , 5f c and 6f c . Then we can judge that the output sun gear actually has a fault, which accords with the result of on-site inspection.
Similarly, the proposed approach is compared with two commonly-used methods for transient detection. The repetitive transient signal is firstly detected by the infogram method. The obtained result and the corresponding envelope spectrum are shown in Fig. 21(a) and (b) respectively. From Fig. 21(b) , we can see that there is a spectral peak at the fault characteristic frequency f c , however its amplitude is not maximal and there are no spectral peaks at the frequency multiplication of f c . Thus, it is hard to judge whether the sun gear has a fault. Then, by the resonancebased signal decomposition method the transient signal is employed to detect the repetitive transient signal. The detection result and its envelope spectrum are respectively shown in Fig. 22(a) and (b) . We can see from Fig. 22 that the detection result is very noisy, and there are three spectral peaks at f c , 3f c and 5f c , whereas the spectral amplitudes at f c and 3f c are quite small. Thus, via the detection results obtained by the two traditional methods, we cannot definitely judge whether the output sun gear has a fault. The comparative results again show the superiority of the proposed AITSA over other two conventional methods.
VII. CONCLUSION
In order to detect the weak transients from the wind turbine planetary gearbox vibration signal which is interfered by noise, harmonics and AM-FM signals, a novel transient feature detection method based on the improved Morlet wavelet and adaptive iterative thresholding algorithm are explored in this study. Our main contributions include the following three aspects: 1) an improved kurtosis index is designed by simultaneously considering the transient feature and its energy, which can better evaluate the accuracy of the obtained transient signal compared to the kurtosis and (SES) negentropy, thus it can be effectively used to search the best sparse parameters; 2) an improved Morlet wavelet which strictly satisfies the admissibility condition is constructed; 3) an adaptively iterative thresholding shrinkage algorithm (AITSA) based on the improved Morlet wavelets, Fourier basis, improved kurtosis index and iterative thresholding method is put forward to solve the parameter optimization problem in sparse representation, which can optimally detect the transient component. The comparative results in simulation, experiment and real application show that the proposed AITSA can more effectively and accurately extract the weak impulsive feature than the infogram method and the resonance-based signal decomposition method based on tunable Q-Factor wavelet transform. Therefore, the proposed method can be well used for the early fault diagnosis of wind turbine planetary gearboxes.
The main limit of the proposed method in engineering application is the calculation efficiency especially when the signal length is too long. To speed up the proposed approach, the genetic algorithm or the particle swarm algorithm can be used, and it is the further study of this work.
